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ABSTRACT 
Drylands cover 41% of the global land surface and provide ecosystem services to 
38% of the world’s population. Dryland ecosystems have already been degraded or 
threatened by the increased rates of wildfire and invasive annual grasses, as well as 
changes in precipitation patterns. We cannot protect, mitigate, or restore drylands without 
comprehensive vegetation surveys. To understand ecosystem processes, we need to know 
the composition of vegetation at the patch and plant scales. Field observations are limited 
in coverage, and are expensive and time intensive. Data from Unmanned Aircraft 
Systems (UAS) will fill the niche between field data and medium scale remotely sensed 
data, and support the potential for upscaling. UAS-based remote sensing will also help 
extend the spatiotemporal scope of field surveys, improving efficiency and effectiveness. 
This study aims to test UAS methods to estimate two important vegetation metrics (1) 
fractional photosynthetic cover and (2) fractional cover of plant functional types.  
For both objectives, a series of surveys were conducted using fine-scale spatial 
resolution (1-4 cm pixel-1) multispectral UAS data collected in Reynolds Creek 
Experimental Watershed in Southwestern Idaho, USA. Data were collected at three sites 
along an elevation and precipitation gradient. Each site is characterized by a different 
type of sagebrush: Wyoming Big Sage, Low sage, and Mountain big sage. The first study 
in this thesis tests multiple vegetation indices at each site to assess their accuracy in 
modeling photosynthetic cover. We found the Modified Soil Adjusted Vegetation index 
(MSAVI) had the highest accuracy when modeling photosynthetic cover at each site (62-
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93%). The modeled photosynthetic cover was compared to field data consisting of point 
frame plots (n = 30) at each site. Correlations between field and UAS-derived cover 
estimates showed significant positive relationships at the Low Sage (r = 0.75, p<0.0001) 
and Mountain Big Sage site (r = 0.55, p = 0.002), but not at Wyoming Big Sage (r = 0.10, 
p = 0.61). These results demonstrate methods to estimate photosynthetic cover at fine 
scales in three types of sagebrush using UAS imagery. Additionally, these results suggest 
that UAS surveys has high correlation with field measurements at mid and high elevation 
sagebrush sites, but more studies are needed in low elevation sites to understand the 
potential of integrating UAS and field observations of photosynthetic cover.  
Our second study quantified fractional cover of plant functional types in the same 
three sagebrush sites listed above. First, we tested Object-Based Image Analysis (OBIA) 
for classification of UAS surveys into plant functional types. We assessed the accuracy of 
the maps using confusion matrices; overall classification accuracies were strong: 
Wyoming Big Sage (70%), Low Sage (73%), and Mountain Big Sage (78%). The 
classified maps of plant functional types were compared to data from field plots (n = 30) 
at each site. We found significant positive correlations for shrubs (r = 0.58; 0.83), forbs (r 
= 0.39; 0.94), and bare ground (r = 0.61; 0.70) at our Low Sage and Mountain Big Sage. 
However we did not find significant relationships for the gramminoid class at any site (r 
= 0.18; 0.3; 0.32). Second, we tested the application of OBIA to sum shrub abundance 
from UAS imagery. Abundance data from field plots (n= 24 per site) were tested for 
agreement with UAS imagery. We found no correlation at any site with field observations 
at the 10m2 scale (r = -0.22; 0.12; 0.26). Overall, we were able to calculate percent cover 
for large-unit plant functional types, such as shrubs, trees, and some forbs. Accuracy for 
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gramminoid classification was low due to small plant size, confounding soil reflectance, 
and grasses that grew beneath shrub canopies.  
This research demonstrates that UAS methods can be used to estimate 
photosynthetic cover and map plant functional types. Using UAS surveys also increased 
coverage and sampling density of data when compared to traditional field observations. 
These findings help land managers, restoration experts, and other researchers who 
monitor, manage, and protect dryland ecosystems by demonstrating an accurate and less 
expensive approach to collecting ecosystem data. 
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INTRODUCTION 
Dryland ecosystems represent 41% of the global land surface and provide critical 
ecosystem services to 38% of the human population (Reynolds et al., 2007). For example, 
drylands are a buffer to desertification (Maestre et al., 2012). Drylands operate on the 
margins of available precipitation; this fragile balance is threatened by the incursions of 
human land use and climate change (Adeel et al. 2005). Invasive annual grasses and 
overgrazing contribute to a positive feedback loop of frequent wildfires, resulting in 
altered vegetation composition (Bukowski & Baker, 2013; Reisner, Grace, Pyke, & 
Doescher, 2013). Additionally, livestock grazing (A. G. M. Davies et al., 2016) and crop 
land development (Hann, Jones, Keane, Hessburg, & Gravenmier, 1998) change the 
landscape cover and ecosystem function. Vegetation composition in drylands is 
controlled by precipitation, temperature, and topography. Due to the heterogeneity of 
vegetation cover across small spatial scales, responses of vegetation to disturbances vary 
at the scale of the ecotype (Davies et al., 2016). However, responses of vegetation to a 
changing climate cannot be recorded without monitoring systems at the plant and plot 
scale because predictions of ecosystem changes must be based off of empirical data.  
Additionally, it has become clear that dryland ecosystems play a large role in the 
global carbon cycle. Poulter et al. (2014) found that drylands account for up to 60% of 
interannual variability of the global carbon cycle. Plant composition and distribution 
affect the global carbon cycle via dynamic fluxes between the atmosphere, plants, and 
soil (Arora, 2002). Plant species richness and ecosystem fluxes are linked in drylands, 
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however it has been challenging to describe vegetation in these systems (Schaffer, 
Nordbotten, & Rodriguez-Iturbe, 2015; Wang, Schaffer, Yang, & Rodriguez-Iturbe, 
2017). Drylands are heterogeneous over fine spatial scales, and this high spatial variation 
is computationally difficult to include in dynamic vegetation models of primary 
production so many models do not represent dryland ecosystems well (Pandit et al., 
2018).  
Dynamic vegetation models are used to understand the relationship between plant 
species and ecosystem fluxes. These models are improved by experiments and 
observations in the field (Leitão & Santos, 2019; Segoli, Ungar, Giladi, Arnon, & 
Shachak, 2012). However, the improvements are hindered by data limitations. 
Quantification of model parameters are needed to improve estimates of carbon stocks and 
fluxes into the future. Because model parameters depend on vegetation dynamics, the 
lack of data on the distribution and coverage of vegetation in drylands is a limitation. 
Data on vegetation are needed from dryland sites, including metrics like percent cover of 
plant functional types. Robust vegetation regime data sets will not only facilitate 
improved estimates of these fluxes, they will also help elucidate the impact of 
anthropogenic influences, including climate change, on dryland ecosystems. 
The field of remote sensing is uniquely situated to fill the data gap on dryland 
vegetation for dynamic vegetation models. The access provided by remote sensing is 
crucial for studies of drylands, because they are often far from population centers which 
results in longer, more difficult travel to study sites (Reynolds et al., 2007). The capacity 
of the remote sensing community to synthesize large amounts of data is an opportunity to 
address complex questions of vegetation dynamics in dryland ecosystems. 
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Satellites can collect broad spatial datasets at high temporal frequency, which has 
changed the way we understand regional and global vegetation dynamics (White, 
Hoffman, Hargrove, & Nemani, 2005). However, it is difficult to measure sparse 
vegetation using sensors with coarse spatial and spectral resolution (Adão et al., 2017; A. 
M. Cunliffe, Brazier, & Anderson, 2016). In drylands, the high proportion of background 
soil or non-vascular plants confounds the noise in optical satellite remote sensing signals  
(Gholizadeh et al., 2018). While satellites can model and map distributions of plant cover 
globally, finer spatial scale data are needed to calibrate and validate these models. Due to 
the physical characteristics of drylands and the importance of measuring and monitoring 
vegetation, there is a need to develop remote sensing techniques commensurate with 
current field methods. 
Thesis Organization  
This thesis contains two chapters that investigate separate questions associated 
with fine spatial scale remote sensing and vegetation in drylands. Both chapters assess the 
application of unmanned aerial systems (UAS) with a multispectral sensor to estimate 
plant metrics at the spatial scale of field data collection. In the first study, we began by 
testing vegetation indices to model fractional photosynthetic cover at peak biomass. 
Vegetation indices are used to increase sensitivity to vegetation features with a 
mathematical combination of two or more bands. To address the relationship between 
UAS and field data, we tested the correlation for estimates of fractional photosynthetic 
cover. In this study we were able to model photosynthetic cover in dryland sites at a 
resolution of 4cm/pixel. Our second study focuses on the importance of plant functional 
types in dryland ecosystems. Plant functional types are created by grouping species 
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together that have similar structure and function. Individual plants alter the soil texture 
and chemistry, and in drylands, shrubs can be especially important to plant species 
composition. We used object based image analysis to classify UAS imagery at the level 
of plant functional types. This study tested correlations between remotely sensed and 
field data for counts of shrub abundance and fractional cover of plant functional types. In 
summary, these studies can be built upon for future UAS protocols and methods for fine, 
spatial scale measurements of plants in drylands. 
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MAPPING FRACTIONAL PHOTOSYNTHETIC COVER AT FINE SPATIAL 
SCALES IN THREE SAGEBRUSH ECOTYPES 
Introduction 
Quantifying photosynthesis across scales is critically important for understanding 
ecosystem function. By measuring photosynthesis, we can estimate the amount of 
biomass produced over time. Fractional photosynthetic cover (FPC) is the amount of 
“green” canopy across a given area of landscape. FPC changes with the phenology of 
plants and the structure of the canopy. As a result, the fractional cover of 
photosynthesizing plants is an indicator of ecosystem function. Estimation of FPC with 
coverage from remote sensing data informs the parameterization of models of ecosystem 
functions (Lehnert et al., 2015). Measurements of FPC connect to processes in drylands, 
such as primary production (Seaquist, Olsson, & Ardö, 2003), desertification and erosion 
(Zribi et al., 2003), and hydrologic runoff (De Roo, Ooffermans, & Cremers, 1996). 
Other measurements that are linked to FPC include evapotranspiration (Mu, Heinsch, 
Zhao, M., & Running, 2007), leaf area index (Soudani, François, le Maire, Le Dantec, & 
Dufrêne, 2006), and the texture and albedo of the land surface (Marticorena, Bergametti, 
Gillette, D., & Belnap, 1997). The broad range of related processes make FPC a useful 
metric to obtain.  
Fine-scale information on vegetation cover across large spatiotemporal extents is 
needed for management and for validating analyses at coarser scales. Additionally, the 
spatial heterogeneity of vegetation in drylands on fine scales (Figure 2.1) (de Graaff et 
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al., 2014) makes it difficult to transfer the UAS survey methods from one site to another, 
necessitating site-specific methods. Acquiring this information at adequate frequency, 
intensity, and extent using field-based approaches is too expensive (Gillan, Karl, 
Duniway, & Elaksher, 2014; Howell, Jensen, Petersen, & Larsen, 2020). As a result, 
there’s a need to continue to develop repeatable methods for vegetation monitoring in 
unique dryland ecosystems. Unmanned aerial systems (UAS) offer the potential for 
repeated assessments of FPC at fine-scales, at numerous sites across extensive areas, all 
at a lower cost than field based approaches. Work from this study will potentially impact 
natural resource managers, policy makers, and researchers.  
There are multiple examples of successful FPC quantified with remotely sensed 
data in ecosystems with small structural vegetation. FPC is often distinguished by 
“green” vs “not green” samples, referring to photosynthetically active vegetation vs. all 
else, i.e. soil, stems, rock, or man-made objects. Inexpensive Red Green Blue (RGB) 
cameras on unmanned aerial systems (UAS) can map vegetation cover in forest and near 
glacial landscapes (Kattenborn et al., 2020). High spatial resolution data is useful for 
measuring energy fluxes between plants, soils, and the atmosphere, especially when we 
consider how UAS data can be used for validation of satellites (Leprieur, Kerr, 
Mastorchio, & Meunier, 2000). With aerial imagery (2cm) over drylands, McGwire et al. 
(2013), were able to differentiate pixels with green cover as low as 1-10%; this finding 
demonstrates that the spatial scale of measurement from UAS is well suited to sparsely 
vegetated drylands with extremely low levels of FPC.  
Studies have found that mapping and classification are more accurate with the 
inclusion of vegetation indices (Jiapaer, Chen, & Bao, 2011; Liu et al., 2019; Prošek & 
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Šímová, 2019).  Vegetation indices (VIs) are mathematical combinations of wavelengths 
that are designed to enhance the spectral features of vegetation, and minimize 
confounding factors, like soil. Despite these advantages, mapping fractional 
photosynthetic cover in diverse rangelands can be difficult due to the heterogeneity of 
vegetation cover. When applied to vegetation, VIs provide a measure of vegetation vigor. 
Multispectral imagery allows a user to compute VIs to highlight specific features of a 
landscape (Hossain & Chen, 2019). While VIs are an empirical approach, they are useful 
because they can be related to the vegetation state and are simple to calculate. For 
example, researchers in Peru’s dry forests used VIs like the generalized difference 
vegetation index to inform the segmentation of tree types from UAS imagery (Baena, 
Moat, Whaley, & Boyd, 2017). Peña-Barragán et al. (2011) found that VIs contributed to 
90% of their models’ estimations and maps of crop health and vigor. On the regional 
scale of the arid western U.S., the normalized vegetation index (NDVI) and the modified 
soil adjusted index (MSAVI) were used to separate shrubs and forest cover (Rigge et al., 
2020). NDVI values from UAS imagery were used in California shrublands to create 
thresholds so researchers could differentiate green leaf area from non-photosynthetic 
cover (McGwire et al., 2013).  
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Figure 2.1 Annual plant functional type percent cover maps (30m) for drylands 
in the United States (1984-2017). Note the variability of cover in the Great Basin 
region (yellow). Modified from Jones et al., 2018. 
Reynolds Creek Experimental Watershed (RCEW), in Southwest Idaho, is an 
ideal study site to compare UAS methods to capture plant metrics in unique vegetation 
communities. Fine scale surveys of vegetation along the elevation gradient will help 
future campaigns collect accurate and useful information to pair with the flux tower 
measurements. Data in RCEW is used to infer how climate change will affect the Great 
Basin as a whole because the watershed is representative of the Great Basin in terms of 
topology, soils, vegetation, and hydrology. For example, within RCEW the predicted 
annual responses of gross ecosystem production and evapotranspiration to warming 
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temperatures will have different responses depending on the site elevation (Flerchinger et 
al., 2019).  
The research goals of this study were to model photosynthetic cover in three types 
of sagebrush communities by utilizing UAS imagery. Each of the three sites is dominated 
by a species of sagebrush that are also common in the Great Basin: Wyoming Big Sage, 
Low Sage, and Mountain Big Sage. This study leverages fine spatial resolution RGB and 
multispectral UAS flights. We first assessed which vegetation index had the highest 
predictive accuracy for FPC. Additionally, we assessed the relationship between our 
estimates of FPC and concurrent field data. Lastly, we considered the efficacy of these 
methods for our study sites, as they each have unique vegetation structure and 
composition. Given the different characteristics of each sagebrush site, we were able to 
develop recommendations for UAS sampling based on the structure, density, and spectral 
features of each sagebrush ecotype.  
Methods 
Study Area 
RCEW is located in Owyhee County in southwestern Idaho, USA (Figure 2.2). 
The 239 km2 watershed has served as a natural laboratory to study dryland hydrology 
since 1960 (Slaughter, Marks, Flerchinger, Van Vactor, & Burgess, 2001). RCEW is 95% 
sagebrush steppe. The shrub communities vary across an elevation and precipitation 
gradient, 1101-2241m and ~230-1100mm, respectively. The watershed shares many of 
the same ecological characteristics with the Great Basin, a 541,727 km2 region that spans 
the mountainous, arid west. The diverse spectrum of dryland vegetation in the Great 
Basin supports indicator species, including the greater sage-grouse (Centrocercus 
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urophasianus) (Pyke et al., 2015), and an economy of domestic livestock grazing (Knapp, 
1996). Research questions about dryland management, vegetation, hydrology, and more 
can be addressed on a local scale in RCEW, because the watershed is a microcosm of the 
Great Basin.  
 
Figure 2.2 Reynolds Creek watershed and location in Idaho. Modified from 
Nayak et al. 2010. 
There is a history of robust meteorologic, soil, and hydrologic data at RCEW, 
however vegetation surveys at the plant and plot scale on an annual basis have only 
recently begun. In 2015, the USDA Agricultural Research Services (ARS), began data 
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collection for long-term agroecosystem research of vegetation in RCEW. Plot design and 
methods for vegetation surveys were set up following a variation of the procedures 
established by the National Ecological Observatory Network (Figure 2.3). Key metrics of 
vegetation that are annually collected by field crews include: species abundance, species 
cover, and photosynthetic cover on a cm scale. There are three types of sagebrush 
communities here these data are collected (Figure 2.4). The study sites are named after 
the dominant sagebrush species present.  
The first site, Wyoming Big Sage is one of the lowest sites in the watershed 
(1425m); on average, it receives 300mm of precipitation annually (Flerchinger et al., 
2019). The average temperature is 9.4°C. The lowest site, is characterized by the 
presence of Wyoming big sage (Artemisia tridentata wyomingensis). Other shrubs 
include: low sage (Artemisia arbuscula) and yellow rabbitbrush (Chrysothamnus 
viscidiflorus). Grasses consist of Sandberg bluegrass (Poa secunda) and bluebunch 
wheatgrass (Pseudoroegneria spicata). Large interspaces of bare soil create an open 
matrix between shrubs and bunch grasses (Figure 2.4). 
 
12 
 
 
 
 
Figure 2.3 Example of monitoring site design at Low Sage (LOS). The 
monitoring footprint (black) is one hectare. The point frame plots (yellow) are 1m2 
and the nested plots (blues) show the 10 m2, 100 m2 and 400 m2 squares. 
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Figure 2.4 Landscape photos of each site, accompanied by nadir photos over 
point frame plot locations. The frame is 1m2. At WBS, not the large ratio of bare 
ground, small bunch grasses, and large shrubs. LOS is characterized by shrubs, 
forbs, and grasses that are short and dense. At MBS, the shrubs are tall and there is 
less bare ground because there are many forbs and grasses that are dispersed rather 
than bunched. 
Our second site, Low Sage, is distinct due to the short stature of the vegetation. 
The Low Sage site is at 1680m, receives 335mm of precipitation annually, and the 
average temperature is 8.6°C. The dominant shrub at this site is low sage, with some 
rabbitbrush and spineless horsebrush (Tetradymia canescens). The low sage are 
interspersed with co-dominant forbs, tailcup and silvery lupine (Lupinus caudatus and 
Lupinus argenteus). These native forbs are nitrogen fixing plants. Most of the grasses in 
LOS are Sandberg bluegrass, Idaho fescue (Festuca idahoensis), bottlebrush squirrel tail 
(Elymus elymoides), and bluebunch wheatgrass. LOS is in the early stages of juniper 
(Juniperus occidentalis) encroachment, with several trees within the site. The amount of 
bare ground and interspace at LOS is relatively small with the shrubs, forbs, and grasses 
densely bunched together (Figure 2.4).  
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The third site, Mountain Big Sage, is near the top of the watershed. Mountain Big 
Sage is at 2110m and receives 800mm precipitation annually, over half of which is snow. 
The average temperature at the site is 5.6°C. The highest site has two shrub species that 
are co-dominant:  mountain big sage (Artemisia tridentata vaseyana) and Utah snowberry 
(Symphoricarpos oreophilus utahensis). Lupine and other forbs such as slender 
cinquefoil (Potentilla gracilis), western yarrow (Achillea millefolium), and parsnipflower 
buckwheat (Eriogonum heracleoides) are common at Mountain Big Sage. The most 
abundant grasses are mountain brome (Bromus marginatus) and Kentucky bluegrass (Poa 
pratensis). This site is located near a grove of aspen (Populus tremuloides) and Douglas 
fir (Pseudotsuga menziesii).  
In summary, these three sites vary in vegetation composition and structure, and 
represent common sagebrush ecotypes that are present throughout the Great Basin 
(Flerchinger et al., 2019). 
Field Data 
During the summer of 2019, a crew of nine people collected vegetation data at 
each of the three sites: Wyoming Big Sage, Low Sage, and Mountain Big Sage. Each site 
is one hectare and has 30 point-frame or field plots (Figure 4). The field plots are 1m2, 
randomly dispersed throughout the hectare. The four corners of each field plot were 
recorded with a TopCon Real Time Kinematic (RTK) GPS. Data collected at the field 
plots were recorded using the point intercept method (Clark & Seyfried, 2001). The point 
frames are used by lowering a metal sampling pin through 20 notches along five transects 
(100 notches per plot). The notches are spaced 5cm apart. Every contact between the 
sampling pin and vegetation was recorded to species, as well the basal hit. Every contact 
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was also categorized as photosynthetic, “green”, or non-photosynthetic “brown”. For 
example, if a pin hit a sagebrush leaf that hit would be recorded as green; if the next 
contact with the pin was the sagebrush stem, it would be brown.  
We compared several methods to calculate FPC with the point frame data; the 
comparisons can be found in Appendix A. The method used to calculate FPC includes all 
of the hits for each plot. The total number of “green” hits were summed and divided by 
the total number of hits in the plot. This method allowed us to normalize the ratio of FPC 
per plot. Additionally, using all hits to calculate FPC was most comparable to UAS data, 
because when light energy interacts with a sagebrush canopy, it is scattered and reflected 
off of multiple leaves and stems. When the UAS imagery is taken, each pixel is a mixture 
reflectance from leaves, stems, soil, etc., similar to the canopy hits at each point frame 
pin location. Field data were analyzed in R (v 3.5.2) and RStudio (v 1.2.5001).  
 
Figure 2.5 Point frame device at Mountain Big Sage.  
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UAS Data Collection and Processing 
We used a MicaSense RedEdge 3 sensor on a DJI Matrice 600 Pro. The RedEdge 
is a broadband multispectral sensor with bands listed in Table 2.1. We also flew a 
Phantom 4 with the stock RGB camera over each site (Table 2.2). All missions were 
planned and executed with Universal Ground Control Software (UgCS v 3.2.113). The 
ground sampling resolution (GSD) is not the same between the MicaSense and RGB 
flights for three reasons. First, the RGB flights with were designed to capture >1cm GSD 
over the eddy covariance flux towers. As a result, the Phantom was flown at ~20m above 
ground level. These flights were completed twice: once with the camera angle at nadir 
and once with a 30° offset. The goal was to obtain a robust point cloud with structure-
from-motion. For the purposes of this study, we did not include the structural information 
form the RGB point clouds because the flight coverage didn’t include the entire 
vegetation monitoring footprint. Second, the MicaSense has a minimum flight altitude of 
45m above ground level. Below 45m above ground level, images from the five 
MicaSense lenses will not align correctly. Lastly, we wanted complete coverage of each 
of the vegetation monitoring footprints with the MicaSense. At 60m above ground level, 
we had >9 images overlapping for the entire study site and we could complete the flight 
within the life of one battery set (~25 minutes).  
Table 2.1 Summary of bands from the MicaSense RedEdge 3 sensor.  
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Thirteen ground control points (GCP) were placed within each study site (A. 
Cunliffe & Anderson, 2019). The location of all GCPs was recorded with a RTK. Each 
flight occurred at peak biomass over the respective study site, concurrent with field data 
collection. Peak biomass is determined by ARS field technicians based on the 
phenological state of bottlebrush squirreltail. Because the three sites are located along an 
elevation gradient, peak biomass occurs at different times for each site.  
All UAS data were processed in Agisoft Metashape (Agisoft LLC, St. Petersburg, 
Russia). The processing steps were chosen with the intent to produce high quality, 
georeferenced orthomosaics. Multispectral photos were radiometrically calibrated. For 
both sensors, all photos were aligned, filtered, and exported as georeferenced 
orthomosaics. 
Table 2.2 Details of UAS data collection at each site.  
 
  
Assessment of Vegetation Index Accuracy and Estimation 
We created training and test data of photosynthetic activity using visual 
interpretation. We used the RGB Phantom georeferenced rasters (1cm) to create the 
training and test data. The RGB imagery was used to create the training and test data 
Sensor
GSD(cm/pixel) AGL (m) Reconstruction Error (cm) Slidelap (%) Speed (m/s) Date
MicaSense Rededge 4.62 75 2.7 70 3 6/5/2019
RGB Phantom 0.70 20 0.7 80 6 6/4/2019
GSD(cm/pixel) AGL (m) Reconstruction Error (cm) Slidelap (%) Speed (m/s) Date
MicaSense Rededge 3.9 60 2.4 75 3 6/25/2019
RGB Phantom 0.9 20 0.5 80 6 6/25/2019
GSD(cm/pixel) AGL (m) Reconstruction Error (cm) Slidelap (%) Speed (m/s) Date
MicaSense Rededge 3.8 60 2.6 75 3 7/9/2019
RGB Phantom 0.9 20 0.5 80 6 7/2/2019
Wyoming Big Sage
Low Sage
Mountain Big Sage
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because the resolution was such that we could confidently identify vegetation features. In 
ArcGIS Pro (v 2.5.0) we segmented each RGB raster using a mean shift algorithm. 
Although our end product of FPC is evaluated using pixels, we chose to use a 
segmentation approach for the training and test data because of the fine spatial resolution 
of the RGB imagery. With 1cm/pixel, plant features were split between multiple pixels. 
Segmentation allowed us to aggregate the spectral attributes of the multispectral imagery 
within each object to inform our estimation of FPC. Segmentation parameters were 
chosen based on the minimum plant size that we would expect to visually capture at each 
site. For example, Sandberg bluegrass has a basal radius of around 5cm, so segmented 
polygons needed to be quite small (see Appendix C for segmentation parameters for each 
site).   
After segmentation, the author manually assigned segmented objects as “green” 
or “not-green”. On average, there were n = 2,700 objects per site. The location of the 
segment objects that we sampled was determined by the location of the field plots (n= 30 
per site); all objects within the field plot boundaries were assigned “green” or “not-
green”. The assigned segment objects were exported as polygon shapefiles.   
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Table 2.3 Spectral indices and formulas used in this study. 
Vegetation 
Index Acronym Source Equation 
Normalized 
Difference 
Vegetation 
Index NDVI 
Rouse et 
al. 1974 (NIR−Red)/(NIR+Red) 
Modified 
Soil 
Adjusted 
Vegetation 
Index MSAVI 
Qi et al. 
1994 
NIR+0.5−(0.5∗sqrt((2∗NIR+1)2−8∗(NIR−(2∗
Red)))) 
Optimized 
Soil 
Adjusted 
Vegetation 
Index OSAVI 
Rondeaux 
et al. 1996 ((NIR - Red)/(NIR + Red + 0.16))*(1 + 0.16) 
Green 
Normalized 
Vegetation 
Index GNDVI 
Gitelson et 
al. 1996 (NIR−Green)/(NIR+Green) 
Normalized 
Difference 
Water Index NDWI 
McFeeters 
1996 (Green−NIR)/(Green+NIR) 
Normalized 
Ratio 
Vegetation 
Index NRVI Baret 1991 (Red/NIR−1)/(Red/NIR+1) 
 
In RStudio, we calculated multiple vegetation indices for each site (Table 2.3We 
chose to test commonly used vegetation indices such as the Normalized Vegetation Index 
(NDVI) and the optimized soil adjusted index (OSAVI). We specifically included indices 
like OSAVI and the modified soil adjusted index (MSAVI) because they were designed 
to minimize the reflectance of bare soil (Qi et al., 1994). Our study sites have a large 
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amount of bare soil and vegetation with small specific leaf area which can result in a 
reduced sensitivity to photosynthetic cover in some indices (Leprieur et al., 2000). We 
overlaid the coded polygons on the stacked vegetation indices and extracted summary 
statistics such as mean, minimum, maximum for each polygon (Figure 2.6).  
 
Figure 2.6 Flowchart of the analytical steps taken to estimate FPC and compare 
ratios to field data.  
To assess the predictive accuracy of the indices for FPC, we used a logistic 
regression with leave one out cross validation in RStudio. The Metrics package (Hamner 
and Frasco 2018) was used to iterate through each vegetation index and calculate the log 
loss value for each index. We compared log loss metrics and average accuracies of each 
index. Vegetation indices with the highest average accuracy and lowest log loss metrics 
were considered for predicting fractional vegetation cover.   
Once the top performing vegetation index was selected, we used the rstanarm 
package (Goodrich et al., 2020) to run a Bayesian logistic regression to model the 
relationship between the samples and the vegetation index values. Default priors were 
used and we sampled 1000 iterations of four Markov chains after a 1000-iteration burn-in 
period. With the equation derived from the model, we transformed the chosen index into 
an estimated surface of FPC, where each pixel represents the probability of 
21 
 
 
 
photosynthetic cover, ranging from 0-1. We used the 4000 samples from the posterior 
distributions of the slope and intercept to calculate spatially explicit maps of standard 
deviation and the coefficient of variation.  
Using the spatial boundaries of the field plots, we extracted the mean predicted 
FPC for each plot. We used the mean FPC values for each plot to represent the fraction of 
photosynthetic cover estimated across that plot. The ratio of green hits/total hits from the 
point frame plots served as the field derived FPC ratio per plot. We used a Pearson's 
correlation test to compare the FPC ratio between predicted and field data, because the 
values are both numeric and there was no manipulation of the independent variable. If the 
data were not normally distributed, we used a Spearman’s Rank Sum Correlation test. We 
would not expect to see a perfect correlation of the point frame data and the remotely 
sensed data due to the differences in sampling density and methods. To quantify the 
differences in methods, we calculated root mean square difference (RMSD), to assess the 
relative difference between the field and imagery estimates of FPC. 
Results 
VI Assessment 
Based on the leave one out cross validation, the results show that the Modified 
Soil Adjusted Vegetation Index had the highest estimation accuracies and lowest log loss 
metrics for all three sites (Table 2.4). The similarity in accuracy and log loss metrics 
between some VIs is notable. After rounding, MSAVI performed at the same accuracy as 
several other indices. Table 2.5 shows the effect size of MSAVI values to estimate FPC. 
We found that MSAVI values has a strong positive effect size with photosynthetic cover 
at all sites. We observed the strongest relationship between MSAVI and photosynthetic 
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cover at Mountain Big Sage (slope = 12.25), followed by Wyoming Big Sage (slope = 
8.1), and then Low Sage (slope = 3.22).  
Table 2.4 Results from leave one out cross validation with each vegetation index 
at each site. The best performing indices have high average accuracies to estimate 
FPC and low log loss values.  
 
Table 2.5 Effect size of the strength of relationship between MSAVI values and 
estimation of FPC.  
  Wyoming Big Sage 
Effect Size (95% CI) 8.098 (7.681, 8.534) 
  Low Sage 
Effect Size (95% CI) 3.22 (2.954, 3.499) 
  Mountain Big Sage 
Effect Size (95% CI) 12.25 (11.048, 13.643) 
 
Correlation with Field Data 
When we transformed MSAVI into estimated surfaces of photosynthetic cover, 
we found that the estimated cover and the field data had significant, positive correlations 
at the middle and highest sites. At the lowest site, we found no significant correlations 
between the field data and estimated photosynthetic cover. The results indicate that the 
NDVI GNDVI MSAVI OSAVI NDWI NRVI
Average Accuracy 80.21 71.97 80.44 80.21 71.97 80.21
Logloss Metric 0.40 0.52 0.40 0.40 0.52 0.40
NDVI GNDVI MSAVI OSAVI NDWI NRVI
Average Accuracy 63.46 60.58 64.03 63.46 60.58 63.46
Logloss Metric 0.59 0.61 0.58 0.59 0.61 0.59
NDVI GNDVI MSAVI OSAVI NDWI NRVI
Average Accuracy 92.52 88.80 92.70 92.53 88.80 92.52
Logloss Metric 0.16 0.23 0.16 0.16 0.23 0.16
Wyoming Big Sage
Low Sage
Mountain Big Sage
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estimated surfaces of photosynthetic cover from UAS Micasense data were a good match 
to the field data at the Low Sage and Mountain Big Sage sites.  
For the lowest elevation site, we found that MSAVI had the highest predictive 
accuracy and lowest log loss metric (Table 2.4). When we estimated photosynthetic cover 
over the site and compared the FPC ratio to the field data we found a poor relationship 
between the data (Figure 2.7; Table 2.6). On average, the model overestimated the 
amount of FPC at Wyoming Big Sage by 24%. The mean FPC from field data is 25%, 
while the mean from the modeled FPC surface is 49%. 
 
Figure 2.7 Paired boxplots of the distributions of estimated FPC values for 
remotely sensed (blue) and field data (green) at each site.   
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Table 2.6 Rho (r) and root mean square differences calculated from UAS survey 
estimates of FPC and point frame field plot estimates of FPC.  
  Wyoming Big Sage Low Sage Mountain Big Sage 
r 0.1 0.75* 0.55* 
RMSD 0.31 0.2 0.34 
 
For the middle elevation site, we found that the MSAVI, had the highest 
predictive accuracies and lowest log loss metric. The estimated ratio of photosynthetic 
cover and the field data had a significant positive correlation (Figure 2.7; Table 2.6). On 
average, the model overestimated FPC by 18%. The mean FPC from field data is 37%, 
while the mean from the modeled FPC surface is 56%. 
For the highest elevation site, we found that MSAVI had the highest predictive 
accuracy and lowest log loss metric. The estimated ratio of FPC and field ratio had a 
significant positive correlation (Figure 2.7; Table 2.6). On average, the model 
overestimated FPC by 30%. The mean FPC from field data is 36%, while the mean from 
the modeled FPC surface is 67%. 
Pixel Uncertainty 
We identified areas where the models performed with higher and lower 
uncertainty, based on the spatially explicit maps of standard deviation and coefficient of 
variation (Figure 6). For all sites we found the highest standard deviation and coefficient 
of variation values in pixels that covered man-made objects.  
At Wyoming Big Sage, we found that pixels over the large, dense shrubs or 
completely bare soil had the lowest values of standard deviation (~0.002). Pixels over 
shrubs and grasses had the lowest coefficient of variation values (~0.75). Pixels with 
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coverage over a mixture of soil, small grasses and forbs, and litter had the highest values 
of standard deviation (~0.13). The highest coefficient of variation values were over areas 
of bare soil (~16).   
Results from the Low Sage site showed a similar trend, where pixels over the 
dense sagebrush, lupine, and juniper had low standard deviation and coefficient of 
variation values. In particular, the lupine had the lowest values (standard deviation 
~0.008, coefficient of variation ~0.8). Again, we saw that pixels over bare soil, and a 
mixture of bare soil and small grasses and forbs, had the highest values of standard 
deviation and coefficient of variation (standard deviation ~0.02, coefficient of variation 
~9).  
At Mountain Big Sage we observed a different pattern. The lowest values of 
standard deviation were pixels that covered dense shrubs and forbs, or pixels that covered 
the bare and mixed areas between the shrubs. The highest standard deviation values were 
found in pixels where the bare interspaces transitioned to shrubs or forbs (~0.03). The 
highest coefficient of variation values were from pixels over bare and mixed soil (~50), 
and man-made objects, like solar panels or fences (~70). 
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Figure 2.8 Example of pixel values at 1m2 scale (black box) at a Low Sage plot. 
Clockwise from the top left: True color, estimated FPC, standard deviation, and 
coefficient of variation. Darker pixels represent higher values.  
Discussion 
Using UAS data at fine scales and applying the same processing and analytical 
methods throughout, we were able to estimate FPC in three sagebrush ecotypes. When 
we assessed the performance of vegetation indices, we found that MSAVI had the highest 
predictive accuracy to estimate photosynthetic cover across all three sites. These results 
suggest that despite the structural and composition differences of vegetation, the same 
UAS collection and analytical methods can be used, which is more efficient for repeat 
assessments of FPC across many sites. We found strong positive correlations between 
remote sensing and field estimates of FPC at Low Sage and Mountain Big Sage. These 
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results demonstrate that MSAVI has a strong functionality for estimating photosynthetic 
cover in semi-arid rangelands.  
Although MSAVI had the highest predictive accuracy to estimate photosynthetic 
cover for all three sagebrush sites, NDVI was second best by hundredths of a percent 
(Table 2.4). This finding suggests that, if needed, NDVI could be substituted for MSAVI 
to estimate photosynthetic cover in Wyoming big sage, low sage, and mountain big sage 
dryland ecotypes. One benefit of using NDVI to estimate photosynthetic cover is that the 
index has been demonstrated to accurately estimate vegetation biomass and cover in 
diverse vegetation types across the globe (e.g., Gu et al., 2008; Horning et al., 2010). 
Based on the maps of standard deviation and coefficient of variation, our models 
perform well over densely vegetated areas (Figure 5). This is logical, given that pixels 
located over dense shrubs, forbs, and grasses will record a more “pure” spectral signal. 
As a result, MSAVI values calculated for those pixels will have a higher probability of 
greenness based on our models, and lower values of standard deviation and coefficient of 
variation. This result agrees with the findings from Chen, Yi, Qin, & Wang (2016), where 
they compared field and UAS based measurements of fractional vegetation cover in 
Tibetan grasslands. They found more accurate model performance over areas that were 
more homogeneous. In our study, the small grasses and forbs in the interspaces, 
especially at WBS, created mixed pixels where the variance of MSAVI values was quite 
large. On those mixed pixels, the model estimates of photosynthetic cover are less 
certain. Overall, our models performed well and we were able to estimate FPC with high 
accuracy at pixels that we would expect to be photosynthetically active.  
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The model estimates of photosynthetic cover for each of our sites are higher than 
the field data. This result is likely due to the difference in sampling between the field and 
image data. The point frame measurements are limited in spatial coverage and the pin 
drops capture a level of detail of vegetation heterogeneity in the vertical direction that 
results in an underestimation of FPC similar to results from Chen et al. (2016). For 
example, when a sampling pin enters the canopy of a shrub, contact is recorded for 
leaves, stem, trunk, and any grasses, forbs or litter below the canopy. When a pixel is 
sampled over that same location, the information it contains is an assemblage of the 
reflectance and multiple scattering from the components within the pixel. This 
information is directly affected by the size of the pixel and the number of bands we used, 
and thus, our remote sensing data captures heterogeneity of FPC in a different way from 
the point frame method. In addition, point frame data includes the assigned 
photosynthetic class of each hit equally. In this study, we did not perform spectral 
unmixing to attribute the absolute contributions of spectral reflectance from leaves, 
stems, bare ground, etc., within each pixel. In contrast to using VIs, a spectral mixture 
analysis where spectral bands are incorporated in a model-based estimator to detect 
vegetation features may provide more direct correlation to vegetation structure and/or 
function. Notably, a hyperspectral sensor is needed to complete a successful spectral 
mixture analysis in drylands, and this involves more complex data collection and 
processing (Dashti et al., 2019). Our UAS surveys resulted in higher estimates of FPC 
than the field observations. We attribute this outcome to differences in measurement 
methods described above. MSAVI is sensitive to plant reflectance in the near infrared 
(NIR) portion of the electromagnetic spectrum, which highlights photosynthetically 
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active vegetation. Additionally, green vegetation is less likely to be underestimated 
because of the high sampling coverage and density of the UAS imagery. In contrast, point 
frame data collection has low sampling density and coverage, and is subject to user error 
through improper leveling, a misplaced frame, or misidentification of species.   
We combined high resolution UAS imagery, segmentation, and VI values to 
estimate photosynthetic cover. Qualitatively, we were pleased with the surfaces of FPC 
for all three sites, because the pixel values accurately represented fractional green cover 
observed in the true color orthomosaics. FPC is a useful metric because it relates to 
measurements of primary production (Seaquist et al., 2003). The FPC maps that we 
created provide detailed spatial distribution data for future studies that relate to 
phenology and energy fluxes at RCEW. Additionally, we assert that these methods could 
be applied to other research questions. For example, researchers could map the rates of 
plant fungal infections by using the same methods used in this study, with the intention of 
estimating the likelihood of plant infection. 
The FPC calculations did not correlate exactly with the point frame FPC, 
especially at WBS, however we did not expect them to. The value of the correlation tests 
is in the comparison of data collection methods. FPC surfaces inform our interpretation of 
the point frame data. Both methods are time intensive, either in the collection (point 
frame) or processing stage (UAS). And, both methods have their advantages. Point frame 
data are precise on the millimeter scale where the pin drops through the foliage; these 
types of measurements are important for canopy structure (Olsoy, Mitchell, Levia, Clark, 
& Glenn, 2016) and leaf area index (Clark & Seyfried, 2001), both of which relate to the 
biogeochemical cycle (Breda, 2003) and hydrologic interception (De Roo, Ooffermans, 
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& Cremers, 1996). The value of the UAS measurements are the density of data points: 
there are about 285pixels/m2 over 10,000 m2, compared to 100pins/m2 over 30m2 total. 
UAS data is a product that can be combined with other GIS and raster layers for future 
analyses (Cagney, Cox, & Booth, 2011).   
Although we treat field data as the truth, the reality is that many field collection 
techniques are not perfect and cannot provide a truly accurate measurement. The point 
intercept method to measure leaf cover is a common validation method for remotely 
sensed data (Cagney et al., 2011; Hillman et al., 2019; Olsoy et al., 2016). Point frames 
may be better suited for structural comparisons, rather than coverage. Cagney et al. 
(2011) found that image analysis was superior to the point-intercept method for rangeland 
transects because image analysis was faster, created a permanent record, and was less 
likely to be biased. In several instances, researchers showed that vegetation cover can be 
estimated more accurately with imagery than with field techniques (J. Chen et al., 2016; 
Rasmussen et al., 2016).  
An additional benefit of a georeferenced raster was the increased spatial coverage 
available. Point frame plots are 1 m2 and distributed within a 1 hectare site. The data from 
the point frames covers just 3% of a site. Although point intercept measurements provide 
precise data, the coverage is limited. There is an overwhelming benefit to increased 
spatial extent and sampling density because of linkages between remotely sensed FPC 
and ecosystem processes (Lehnert et al., 2015).  
Our recommendations for the methods to map FPC in drylands come with some 
qualifications. We recognize that our results could be improved with more site replicates 
at each elevation. Additionally, our results would likely change had we sampled on 
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different days, because the data are specific to weather conditions and plant phenology. 
For example, at the Wyoming Big Sage site, if we had flown earlier in the summer it may 
have been easier to identify small forbs because they reach peak biomass earlier than 
squirreltail, which was our indicator for survey dates. Although we were working at a 
fine spatial scale, our data is still averaged at 4cm. Because some of the dryland plants 
are so small, our modeled surfaces of FPC cannot perfectly represent the landscape. In 
summary, these results must be taken under the limitations with which they were 
collected. On the days we sampled and with the same methods applied to each ecotype, 
we were able to estimate FPC at 4cm GSD for three sagebrush sites.  
In the future, we think it could be beneficial to validate the estimated 
photosynthetic cover with a type of field data that is preferentially focused on fractional 
cover. One option would be to take nadir photos over the field plots. To calculate FPC 
from the field data (photos), SamplePoint could be used to identify and categorize plant 
cover within the plot (see Spaete, Glenn, & Baun, 2016 for details). Capturing one photo 
per plot would require much less time than taking and recording point frame 
measurements. That said, processing UAS imagery, troubleshooting GPS data, and 
running SamplePoint are also time consuming. Despite that, it is likely that automated 
processing steps for imagery will continue to improve in speed and ease of use, making 
UAS data the faster method in the future.     
Based on this study, we recommend that future projects leverage the relationships 
between FPC, VI’s, and predictive FPC surfaces with a temporal component. For this 
study, our sampling occurred at peak biomass for each study site. UAS flights that 
occurred every week or two weeks over the growing period of each study site would 
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capture the phonological responses of the vegetation through time. Changes in fractional 
photosynthetic cover over time could be linked to the measurements of eddy covariance 
towers in RCEW. The location of the study sites in proximity to eddy covariance flux 
towers is ideal to merge remotely sensed temporal measurements of FPC with GPP fluxes 
at the towers. Xiao et al., (2019) call for further investigation between flux tower 
measurements and the utilization of vegetation indices to better understand the 
mechanisms of the carbon cycle. This study takes a step towards that goal by testing the 
accuracy of multiple vegetation indices to model photosynthetic cover at three flux tower 
locations. 
In conclusion, this study provides a comparison of UAS and field data methods to 
measure fractional photosynthetic cover in three types of sagebrush communities. These 
findings contribute to the record of vegetation data for a unique type of drylands. Despite 
the structural and compositional differences among our study sites, we were able to 
recommend MSAVI for all sites and estimate photosynthetic cover at peak biomass. The 
quantification of photosynthetic cover in dryland ecosystems is important to measure 
because of the heterogeneity of plant growth at a fine spatial scale. As drylands respond 
to climate change and anthropogenic development, records of vegetation growth will help 
us determine how these ecosystems respond to disturbances. 
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APPLICATIONS FOR OBJECT BASED IMAGE ANALYSIS TO ESTIMATE THE 
FRACTIONAL COVER OF PLANT FUNCTIONAL TYPES 
Introduction 
Plant functional types (PFT) are groups of species which respond in similar ways 
to an environment and have similar contributions to ecosystem function (López-Urrutia 
2013). Examples of PFTs in drylands are graminoids, shrubs, forbs, or trees (Figure 3.1). 
The use of PFTs simplifies the complexity of species diversity when we try to understand 
the current and future roles of plant assemblages (Woodward & Cramer, 1996). Changes 
in abiotic factors are likely to alter the competitive relationships of dryland plant 
communities. As a result, monitoring at the PFT level is one of the most effective ways to 
quantify plant responses to environmental changes in drylands (Saiz, Le Bagousse‐
Pinguet, Gross, & Maestre, 2019). The physiological and chemical characteristics of 
PFTs affect the quality and quantity litter input (Cleveland et al., 2014; Valencia et al., 
2015), as well as the distribution of nutrients and water in the soil (Prieto, Padilla, Armas, 
& Pugnaire, 2011). The canopy structure, size, and density of a plant impact landscape 
albedo (Coble & Hart, 2013).  
Grouping plants by functional type assists land managers, because functional 
types are more generalizable to other regions and systems (Wainwright et al., 2019). 
There are many ways for PFTs to be applied, for example: rangeland managers want to 
know gramminoid cover to estimate cattle forage over the grazing season (Fern, Foxley, 
Bruno, & Morrison, 2018). For conservationists, mapping and modeling shrub cover 
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provides insights on the habitat needs of native species, like pygmy rabbits (Brachylagus 
idahoensis) (Olsoy et al., 2015). Additionally, PFTs are commonly used in dynamic 
vegetation models to simulate changes in vegetation cover at global scales,  but drylands 
are not well represented because of the heterogeneity of plant cover at small scales 
(Pandit et al., 2018). Lastly, de Graaff et al., 2014 found that changes in PFT cover are 
likely to result in changes to the soil carbon, nitrogen, soil organic matter, and microbial 
biomass. Without fine spatial scale surveys of PFTs, we cannot predict or upscale how 
drylands will respond to climate change. Therefore, surveys are needed to map PFTs at 
the scale of the plant. 
 
Figure 3.1. Examples of plant functional types in drylands. This illustration 
shows the canopy structure, cover, and root systems that characterize PFTs (Image 
from Johnson 2018 (https://catalog.extension.oregonstate.edu/pnw714/html)). 
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Applications for vegetation monitoring with unmanned aerial systems (UAS) are 
developing rapidly (Bestelmeyer et al., 2017). Previous studies show that UAS perform 
well for vegetation data collection in forested and arid environments (Wallace et al., 
2012, Anderson et al., 2013, Wallace et al., 2016, Wallace, 2017). UAS are effective 
because they are fast, cost-efficient, and provide accurate estimates of fine scale spatial 
variability (Anderson et al., 2018; Olsoy et al., 2018). Estimates of vegetation coverage 
and bare earth area were found to be very similar for UAS images and in-situ 
measurements (Breckenridge & Dakins, 2011). Cagney et al. (2011) support the use of 
digital imagery for rangeland cover because a record of the study area is created and the 
imagery can be continually analyzed in future software.  
Image classification analyses commonly fall into one of two approaches: pixel-
based or object-based image analysis (OBIA).  Supervised pixel-based analysis considers 
the values associated with individual pixels and categorizes them. At high spatial 
resolution, a square is often unrepresentative of real distributions and features of interest 
(Schäfer, Heiskanen, Heikinheimo, & Pellikka, 2016). Given the demonstrated need for 
imagery at the scale of PFTs in drylands, pixel-based image analysis alone may not be the 
most effective method to assess these data. OBIA differs from pixel-based classifications 
because thresholds and rules can be used to delineate objects like humans see them. 
OBIA can handle large amounts of varied remotely sensed data and automate parts of the 
image analysis process (Benz, Hofmann, Willhauck, Lingenfelder, & Heynen, 2004). 
UAS imagery provides detailed spectral, textural, and structural data, therefore it is 
advantageous to use OBIA. The pixel values associated with the different data layers are 
combined in OBIA to describe features, rather than individual pixels. In heterogeneous 
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shrub ecosystems, OBIA is an effective analytical method to classify vegetation types. 
Karl and Maurer (2010) found that OBIA was the best option for monitoring vegetation 
in semi-arid rangelands with fine scale UAS imagery because the technique was more 
accurate than pixel-based classifications.  
The goals for this study were to assess the performance of OBIA classification in 
three types of sagebrush communities. Each of the three sites is dominated by a species of 
sagebrush: Wyoming Big Sage, Low Sage, and Mountain Big Sage. These three sites 
represent robust plots of native vegetation, defined by their location along an elevation 
and precipitation gradient. We had two objectives for this study. The first was to use 
segmentation and classification to quantify fractional cover of PFTs. Our second 
objective was to use the same OBIA methods to quantify shrub abundance. We 
implemented UAS imagery from multispectral and Red Green Blue (RGB) sensors at fine 
spatial scales (>4.5cm/pixel). We assessed the efficacy of the remotely sensed methods 
on their own, and tested their correlation with field data collection protocols. As a result, 
we are able to provide recommendations for UAS collections and OBIA analysis in three 
distinct sagebrush ecotypes. 
Methods 
Study Area 
This research was conducted at the Reynolds Creek Experimental Watershed 
(RCEW), which is located in Owyhee County in southwestern Idaho, USA (Figure 2.2). 
The 239km2 watershed has served as a natural laboratory to study dryland hydrology 
since 1960 (Slaughter et al., 2001). RCEW is 95% sagebrush steppe. The shrub 
communities vary across an elevation and precipitation gradient, 1101-2241m and ~230-
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1100mm, respectively. The watershed shares many of the same ecological characteristics 
with the Great Basin, a 541,727km2 region that spans the mountainous, arid west. The 
diverse spectrum of dryland vegetation in the Great Basin supports indicator species like 
the greater sage-grouse (Centrocercus urophasianus) (Pyke et al., 2015), and an economy 
of domestic livestock grazing (Knapp, 1996). Research questions about dryland 
management, vegetation, hydrology, and more can be addressed on a local scale in 
RCEW, because the watershed is a microcosm of the Great Basin.  
 
Figure 3.2 Reynolds Creek watershed and location in Idaho. Modified from 
Nayak et al. 2010. 
There is a history of robust meteorologic, soil, and hydrologic data at RCEW, 
however a comprehensive vegetation dataset is lacking. In 2015, the USDA Agricultural 
Research Services (ARS), began data collection for long-term agroecosystem research of 
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vegetation in RCEW. Key metrics of vegetation that are annually collected by field crews 
include: species abundance, leaf area, and photosynthetic cover on a cm scale (Figure 
3.3). There are three types of sagebrush communities (study sites) where these data are 
collected (Figure 3.4). The study sites are named after the dominant sagebrush species 
present.  
 
Figure 3.3 Example of monitoring site design at Low Sage (LOS). The 
monitoring footprint (black) is one hectare. The point frame plots (yellow) are 1m2 
and the nested plots (blues) show the 10 m2, 100 m2 and 400 m2 squares. 
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The first site, Wyoming Big Sage is one of the lowest sites in the watershed 
(1425m); on average, it receives 300mm of precipitation annually (Flerchinger et al., 
2019). The average temperature is 9.4°C. WBS, is characterized by the presence of 
Wyoming big sage (Artemisia tridentata wyomingensis). Other shrubs include: low sage 
(Artemisia arbuscula) and rabbitbrush (Chrysothamnus viscidiflorus). Grasses consist of 
Sandberg bluegrass (Poa secunda) and bluebunch wheatgrass (Pseudoroegneria spicata). 
The forbs at Wyoming Big Sage are relatively small with basal widths of 2-10cm and 
heights from 1-30cm (Table 3.1). Large interspaces of bare soil create an open matrix 
between shrubs and bunch grasses (Figure 3.4). 
 
 
Figure 3.4 Landscape photos of each site, accompanied by nadir photos over 
point frame plot locations. The frame is 1m2. At WBS, not the large ratio of bare 
ground, small bunch grasses, and large shrubs. LOS is characterized by shrubs, 
forbs, and grasses that are short and dense. At MBS, the shrubs are tall and there is 
less bare ground because there are many forbs and grasses that are dispersed rather 
than bunched. 
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Table 3.1 Summary of average shrub and herbaceous plant heights at each site. 
 
Our second site, Low Sage, is distinct due to the short stature of the vegetation. 
The site is at 1680m, receives 335mm of precipitation annually, and the average 
temperature is 8.6°C. The dominant shrub at the middle site is low sage, with some 
rabbitbrush and spineless horsebrush (Tetradymia canescens). The low sage are 
interspersed with co-dominant forbs, tailcup and silvery lupine (Lupinus caudatus and 
Lupinus argenteus). These native forbs are nitrogen fixing plants. Most of the grasses in 
Low Sage are Sandberg bluegrass, Idaho fescue (Festuca idahoensis), bottlebrush 
squirrel tail (Elymus elymoides), and bluebunch wheatgrass. Low Sage is in the early 
stages of juniper (Juniperus occidentalis) encroachment, with several trees within the 
site. The amount of bare ground and interspace at LOS is relatively small with the shrubs, 
forbs, and grasses densely bunched together (Figure 3.4).  
The third site, Mountain Big Sage, is near the top of the watershed. Mountain Big 
Sage is at 2110m and receives 800mm precipitation annually, over half of which is snow. 
The average temperature at the site is 5.6°C. Two shrub species are co-dominant:  
mountain big sage (Artemisia tridentata vaseyana) and Utah snowberry (Symphoricarpos 
oreophilus utahensis). Lupine and other forbs such as slender cinquefoil (Potentilla 
gracilis), western yarrow (Achillea millefolium), and parsnipflower buckwheat 
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(Eriogonum heracleoides) are common at MBS. The most abundant grasses are mountain 
brome (Bromus marginatus) and Kentucky bluegrass (Poa pratensis). This site is located 
near a grove of aspen (Populus tremuloides) and Douglas fir (Pseudotsuga menziesii). In 
summary, these three sites vary in vegetation composition and structure. But, they all 
represent common sagebrush ecotypes that are present throughout the Great Basin 
(Flerchinger et al., 2019). 
Field Data Collection 
During the summer of 2019, a crew of nine people collected vegetation data at 
each of the three sites: Wyoming Big Sage, Low Sage, and Mountain Big Sage. Each site 
is one hectare and contains three 400m2 “nested” plots (Figure 3.3). Within the nested 
plots, plants are identified to species and presence is counted. Species density is recorded 
within the nested plots: grasses and forbs are counted within the 1m2 sub-plots and shrubs 
are counted in the 10m2 sub-plots. The locations of the nested plots are monumented and 
the locations have been recorded with a Real Time Kinematic high precision GPS (RTK). 
Species counts are taken once per year at approximately peak-biomass for each of the 
three sage communities. Peak biomass is determined by ARS field technicians based on 
the phenological state of bottlebrush. Because the three sites are located along an 
elevation gradient, peak biomass occurs at different times for each site.  
Additionally, each site has 30 point-frame plots (Figure 3.3). These plots are 1m2, 
randomly dispersed throughout the hectare. The four corners of each field plot were 
recorded with a RTK. Data collected at the field plots were recorded using the point 
intercept method (Clark & Seyfried, 2001). The point frames are used by lowering a 
metal sampling pin through 20 notches along five transects (100 notches per plot). The 
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notches are spaced 5cm apart. Every contact between the sampling pin and vegetation 
was recorded to species, as well the basal hit. After the completion of field data 
collection, plant species were aggregated into plant functional types: shrubs, forbs, 
grasses, and ground in R (v 3.5.2) and RStudio (v 1.2.5001). Then the percent cover of 
each PFT was calculated per each point frame plot.  
UAS Data Collection and Processing 
We used a MicaSense RedEdge 3 sensor on a DJI Matrice 600 Pro. The RedEdge 
is a broadband multispectral sensor with bands listed in Table 3.2. We also flew a 
standard DJI Phantom 4 over each site (Table 3.3). All missions were planned and 
executed with Universal Ground Control Software (UgCS v 3.2.113).  
Table 3.2 Summary of bands from the MicaSense RedEdge 3 sensor.  
 
Table 3.3 Details of UAS data collection at each site.  
 
 
Sensor
GSD(cm/pixel) AGL (m) Reconstruction Error (cm) Slidelap (%) Speed (m/s) Date
MicaSense Rededge 4.62 75 2.7 70 3 6/5/2020
RGB Phantom 0.70 20 0.7 80 6 6/4/2020
GSD(cm/pixel) AGL (m) Reconstruction Error (cm) Slidelap (%) Speed (m/s) Date
MicaSense Rededge 3.9 60 2.4 75 3 6/25/2020
RGB Phantom 0.9 20 0.5 80 6 6/25/2020
GSD(cm/pixel) AGL (m) Reconstruction Error (cm) Slidelap (%) Speed (m/s) Date
MicaSense Rededge 3.8 60 2.6 75 3 7/9/2020
RGB Phantom 0.9 20 0.5 80 6 7/2/2020
Wyoming Big Sage
Low Sage
Mountain Big Sage
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The ground sampling resolution (GSD) is not the same between the MicaSense 
and RGB flights for three reasons. First, the RGB flights were designed to capture >1cm 
GSD over the eddy covariance flux towers. As a result, the Phantom was flown at ~20m 
above ground level. These flights were completed twice: once with the camera angle at 
nadir and once with a 30° offset. The goal was to obtain a robust point cloud with 
structure-from-motion. For the purposes of this study, we did not include the structural 
information form the RGB point clouds because the flight coverage didn’t include the 
entire vegetation monitoring footprint. Second, the MicaSense has a minimum flight 
altitude of 45m above ground level. Below 45m above ground level, images from the five 
MicaSense lenses will not align correctly. Lastly, we wanted complete coverage of each 
of the vegetation monitoring footprints with the MicaSense. At 60m above ground level, 
we had >9 images overlapping for the entire study site and we could complete the flight 
within the life of one battery set (~25 minutes).  
Thirteen ground control points (GCP) were placed within each study site (A. 
Cunliffe & Anderson, 2019). The location of all GCPs was recorded with a TopCon RTK 
GPS. Each flight occurred at peak biomass over the respective study site, concurrent with 
field data collection (Table 2). Peak biomass is determined by ARS field technicians 
based on the phenological state of bottlebrush squirreltail. Because the three sites are 
located along an elevation gradient, peak biomass occurs at different times for each site.  
 All UAS data were processed in Agisoft Metashape (Agisoft LLC, St. 
Petersburg, Russia). The processing steps were chosen with the intent to produce high 
quality, georeferenced orthomosaics. Multispectral photos were radiometrically 
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calibrated. For both sensors, all photos were aligned, filtered, and exported as 
georeferenced orthomosaics. 
Segmentation and Classification 
We created training and test data of photosynthetic activity using visual 
interpretation. We used the RGB Phantom georeferenced rasters (1cm) to create the 
training and test data. The RGB imagery was used to create the training and test data 
because the resolution was such that we could confidently identify vegetation features. In 
ArcGIS Pro (v 2.5.0) we segmented each RGB raster. Segmentation parameters were 
chosen based on the minimum plant size that we would expect to visually capture at each 
site. For example, Sandberg bluegrass has a basal radius of around 5cm, so segmented 
polygons needed to be small (see Appendix C for segmentation parameters details for 
each site). After segmentation, the author visually identified and assigned segmented 
objects into PFT categories (Table 3.4). On average, there were n = 2,700 objects per site. 
Table 3.4 only displays the PFTs that were included with correlation test with field 
observations. Classes such as man-made objects and shadows were also identified but are 
not included in the correlation tests with field observations.   
Table 1.4 Categories of plant functional types that were used for analysis at 
each site. 
 
Each study site had slightly different classes for PFTs given the unique plant 
community and structure at each site. At Wyoming Big Sage, the forbs are so small, that 
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even with 1cm/pixel imagery, we couldn’t differentiate forbs from small grasses. As a 
result, we did not include forbs at the Wyoming Big Sage site, including only ground, 
grasses, and shrubs for analysis. At Low Sage, we also had difficultly identifying small 
forbs. The only forbs that we could identify with confidence were the silvery and tailcup 
lupine. The forb class is representative of lupine at Low Sage. Lastly, at Mountain Big 
Sage, sedge (Carex pachystachya) are present, however we could not differentiate them 
from grasses. As a result, the sedges did not receive their own class and were grouped 
with grasses. At the highest site, we delineated sagebrush from snowberry, however 
because analyses were completed at a PFT level, the species were grouped into the shrub 
category.  
We used a random trees algorithm in ArcPro to classify the multispectral 
orthomosiac, using the segmentation and training (70%) and test (30%) samples from the 
RGB imagery. Random trees was chosen because of its resistance to overfitting and 
because it’s compatible with segmented imagery. The segmented attributes that we 
included in the classification were: active chromaticity color, mean digital number, 
standard deviation, count of pixels, compactness, and rectangularity.  
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Figure 3.5 Flowchart of the analytical steps taken to classify each site to PFT, 
assess the classifications, and steps to estimate PFT fractional cover and shrub 
abundance. 
We used confusion matrices to assess the accuracy of the classified surfaces. 
Confusion matrices allowed us to asses PFT classes that were correctly classified and 
classes where errors of commission or omission were present. The overall accuracy of 
each classification was calculated with the kappa coefficient. The kappa coefficient is a 
measure of precision because it compares whether or not classes were given the same 
value by the trainer and the algorithm. 
Shrub Abundance 
To achieve a shrub abundance count from the remotely sensed data, we converted 
each classified raster into polygons. Using ArcGIS Pro select by attribute and location, 
we summed the number of shrub objects within the 10m2 plots. Similar to the 
classifications completed by Baena et al. (2017), and due to the lack of positional data of 
all of the shrubs, we completed an accuracy assessment of plant functional type 
abundance at a plot level. Shrub objects were only included if their centers were inside of 
the plot boundary.  
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We used a Pearson's correlation test to compare the abundance counts at the 10m2 
plot level between the remotely sensed and field data, because the values are both 
meristic and there was no manipulation of an independent variable. If the data were not 
normally distributed, we used a Spearman’s Rank Sum Correlation test. For each site, we 
calculated root mean square difference (RMSD), to assess the relative difference between 
the field counts and the imagery counts. Ground truth for segmentation of imagery does 
not exist in a way that can be assessed with an algorithm (Hossain & Chen, 2019). As a 
result, we chose to use RMSD as a metric of differences between the remotely sensed and 
field techniques, with the assumption that our field data collection is not perfect.   
Plant Functional Type Fractional Cover 
To calculate the fractional cover of each PFT, we extracted the classified raster 
values associated with the location of each point frame plot. By “fractional cover”, we 
mean the percent or ratio of active photosynthetic cover within an area of interest. We 
summed the number of cells associated with each cover type and calculated proportional 
cover for the 1m2 plots.  
We used a Pierson's correlation test to compare the proportional cover of each 
PFT at each plot between the remotely sensed and field data, because the values are both 
meristic and there was no manipulation of an independent variable. If the data were not 
normally distributed, we used a Spearman’s Rank Sum Correlation test. For each site, we 
calculated RMSD, to assess the relative difference between the field counts and the 
imagery counts.  
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Results 
Classification 
Table 3.5 shows the classification results for Wyoming Big Sage. The overall 
accuracy of the PFT classification for Wyoming Big Sage was 70% and the kappa 
coefficient was 0.50. Notably, the errors between classes often occurred between grass 
and ground; these two classes display false positive and false negatives, which 
demonstrates the difficultly in correctly differentiating between them. The user accuracy 
for shrubs was 74%. Grasses had the lowest user accuracy at 20%.  
Table 3.5 Confusion matrix for Wyoming Big Sage.  
 
The results for the Low Sage classification are shown in Table 3.6. The overall 
accuracy of the PFT classification at Low Sage was 73% and the kappa coefficient was 
0.67. Similar to Wyoming Big Sage, we found that ground was often misclassified as 
grass. Shrubs were sometimes misclassified as grass. Lastly, forbs were often 
misclassified as trees. The user accuracies for bare ground and trees were high, 87% and 
96%, respectively. Shrub, grass, and forb user accuracies were: 67%, 64%, and 57%, 
respectively.  
Table 3.7 shows the classification results for Mountain Big Sage. The overall 
accuracy of the PFT classification for Mountain Big Sage was 78% and the kappa 
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coefficient was 0.72. Notable errors at this site were that forbs, shadows, and snowberry 
shrubs were misclassified frequently as trees. Additionally, some sagebrush was 
erroneously classified as ground. Almost all forbs were incorrectly classified as grass or 
trees. The user accuracy for sage was 62% and for snowberry it was 80%. 
Table 3.6 Confusion matrix for Low Sage.  
 
Table 3.7 Confusion matrix for Mountain Big Sage.  
 
 
Shrub Abundance 
We found no significant relationship between shrub abundance counts at the scale 
of 10m2 at Wyoming Big Sage, Low Sage, and Mountain Big Sage (Table 3.8). At the 
lowest site, the field counts and the OBIA counts an average of six and four, respectively, 
shrubs per plot at Wyoming Big Sage. We found no significant correlation between shrub 
abundance counts at the 10m2 plot scale at Low Sage (Table 3.8). The OBIA counts tend 
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to be result in much higher abundance at both Low Sage and Mountain Big Sage than the 
field data (Figure 3.6). At Low Sage, the field counts for shrubs showed an average of 
five shrubs per plot, while the OBIA counts show an average of 15 shrubs per plot. At 
Mountain Big Sage, in the field, there was an average of six shrubs per plot, while the 
OBIA counts averaged 17 shrubs per plot.  
Table 3.8 Rho (r) and root mean square difference for shrub abundance 
between UAS surveys and field observations.  
 
Wyoming Big Sage Low Sage 
Mountain Big 
Sage 
r 0.29 -0.34 -0.17 
 
RMSD 3.17 12.69 12.63 
 
 
 
Figure 3.6 Scatterplots of shrub abundance counts for each site from field and 
remotely sensed data. 50% and 95% Confidence Intervals are shown as blue 
ellipses. Note that the scales of the y axis are different for each site.  
PFT Fractional Cover 
We found no significant correlation between PFT fractional cover at Wyoming 
Big Sage at the 1m2 plot scale (Table 3.9). When we investigated individual functional 
types, we found that the distributions of fractional cover values for shrubs have a large 
amount of overlap (Figure 3.7). From the field data the mean fractional cover for shrubs 
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is 27% and the OBIA mean fractional cover is 30%. In contrast, the distributions of 
fractional cover values for grass had little overlap, with OBIA average cover at 5% and 
field measurements averaging 34%. Fractional ground cover estimates overlap, but on 
OBIA resulted in an average of 63%, while field data suggest and average of 34%.  
Table 3.9 Summary of rho (r) and RMSD values for each site and each 
correlation test for PFTs; asterisk indicate statistical significance. 
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Figure 3.7 Boxplots of the fractional cover measured at Wyoming Big Sage for 
each PFT from field and remotely sensed data. 
At Low Sage, we found significant positive correlations between three of the four 
PFTs that we tested at the 1m2 scale (Table 3.9). OBIA and field data measurements of 
fractional cover of shrubs, forbs, and ground showed positive correlations. Fractional 
cover for grasses did not have significant relationships. From OBIA analysis, the mean 
fractional cover of shrubs was 40% and from the field data it was 45% (Figure 3.8). For 
bare ground, the average fractional cover at 1m2 scale from OBIA was 34% and 17% 
from the field data. The average cover for forbs was the same between the methods, at 
8% and 8%, field and OBIA respectively. Similarly to Wyoming Big Sage, the average 
cover for grass was much higher from field data than OBIA data: 30% and 17%.  
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Figure 3.8 Boxplots of the fractional cover measured at LOS for each PFT from 
field and remotely sensed data. 
At MBS, we found significant positive correlations between three of the four 
PFTs that we tested at the 1m2 scale (Table 3.9). OBIA and field data measurements of 
fractional cover of shrubs, forbs, and ground showed positive correlations. Fractional 
cover for grasses did not have significant relationships. We found that the fractional 
cover of shrubs averaged 56% from the field data and 45% from the OBIA. Although the 
data are positively correlated, the fractional cover averages for ground are different 
between the two methods: 16% from the field data and 49% from OBIA. The image 
analysis method overestimates fractional cover of the ground class (Figure 3.9). The 
average fractional cover of forbs in 1m2 was low for both methods: 10% from the field 
data and 1% from OBIA. Finally, in a trend that we observed in all three sites, the 
fractional cover of grass was underestimated by OBIA; our analysis show that the 
average fractional cover was 18% from field data and 1% from OBIA.  
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Figure 3.9 Boxplots of the fractional cover measured at Mountain Big Sage for 
each PFT from field and remotely sensed data. 
Discussion 
In this study, we tested the utility of using fine spatial scale UAS data to quantify 
PFT fractional cover and shrub abundance across three types of sagebrush ecosystems. 
We found that shrub abundance was not accurately estimated from remotely sensed data, 
given the segmentation parameters used. In the lowest elevation site, we could not 
confidently estimate PFT fractional cover. For mid and high elevation sites, we found 
strong relationships to classify and quantify PFT fractional cover at the 1m2 scale. The 
segmentation parameters used in this study demonstrated positive results for calculating 
PFT fractional cover at mid and high elevation sage sites.  
Our methods to use OBIA for shrub abundance counts was relatively 
unsuccessful, but informative for future work. One of the benefits of OBIA is the creation 
of features that are recognizable rather than pixelated, however many of the available 
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OBIA software are complicated (Hay & Castilla, 2006). Additionally, OBIA is a rapidly 
expanding field with a large amount of research aimed at testing and developing 
segmentation algorithms and parameters (Hossain & Chen, 2019). We chose to test our 
segmentation methods using available tools in ArcGIS Pro because of the simplicity and 
speed of processing. Because the tool only allows for the manipulation of spatial and 
spectral parameters, it’s straightforward to complete segmentation quickly. Based on this, 
we would recommend further testing with the segmentation tool of individual shrubs 
because of the ease of use. However, due to the limited user input, the ArcGIS Pro 
segmentation tool may not be suitable for tasks which require more user knowledge or 
adjustment of the segmentation algorithm. If the goal of a study is to achieve abundance 
for multiple PFTs or species, we believe a more sophisticated segmentation algorithm is 
needed. Lastly, we used the same segmentation output for the shrub abundance and PFT 
fractional cover analyses. We opted for this method because we wanted to compare time 
efficient OBIA methods because a simple interface is more likely to be applied by many 
user groups. Given our results, we would recommend that it’s worthwhile to segment for 
fractional cover and abundance counts separately because the overall processing time is 
short (less than 1hr).  
At the GSD of 4cm/pixel, we found that each of the three study sites were distinct 
after segmentation and classification. The unique characteristics of plant size and 
interspace were carried through the image analysis process. However, it’s unclear at what 
scale OBIA is most effective or if a clear answer exists; Hossain & Chen (2019) describe 
how a segmented feature at one scale can be homogeneous, but when viewed at a 
different scale it’s heterogeneous. In this study we classified drylands at an fine spatial 
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scale and found classification accuracies similar to coarse scale studies over drylands 
(accuracies ~65-70%) (Homer, Aldridge, Meyer, & Schell, 2012; Rigge et al., 2020). In 
northern peatlands, similar in structure and fine-spatial scale heterogeneity to drylands, 
researchers also found that UAS classification was comparable to aerial imagery; they 
found that the UAS data was most valuable for training dataset construction (Räsänen & 
Virtanen, 2019). Coarse spatial resolution mapping from satellites provide greater 
coverage than achievable with UAS, however those maps cannot capture the 
heterogeneity at scale of ecosystem functions (Jones et al., 2018). For local management, 
remotely sensed data at the scale of the landscape are needed for informed decision 
making.  
Another useful finding from this research is that even with 1cm/pixel resolution 
RGB imagery, some grasses and forbs could not be identified. Based on this, we question 
the effort to collect such fine spatial scale imagery and suggest that greater extent or more 
replicate sites with the multispectral sensor would be more worthwhile. This 
recommendation is qualified because we were not able to utilize the structural data from 
the 1cm imagery. Several studies have shown that the inclusion of digital surface models 
or canopy height models from UAS improve PFT classification accuracy (Husson, Reese, 
& Ecke, 2017; Komárek, Klouček, & Prošek, 2018; Sankey et al., 2018). In contrast, 
Prošek & Šímová (2019) found minimal improvement with the inclusion of structural 
information to map PFTs in shrublands. Finally, after comparing spectral and structural 
input to map PFTs on multiple scales, Räsänen et al. (2019) concluded that the landscape 
and scale of the research question determines which remotely sensed predictive variables 
should be included.  
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In our quantification of fractional PFT cover from UAS imagery, we noted 
several trends in our results. First, at all three sites, the OBIA fractional cover results for 
grass were much lower than the field data (Figures 5, 6 & 7). In tandem, we noted that all 
OBIA estimates of the fractional cover of ground were much higher than the field data. 
We present that these trends are related and likely due to the misclassification of ground 
and grass (Tables 4, 5 & 6).  The thin structural characteristics of grasses at all three sites, 
make it difficult to capture via a pixel, even at a fine spatial resolution. Pixels are 
artificial boundaries on a landscape and their size and shape may not match all of the 
objects of interest (Hossain & Chen, 2019). In our study, pixel size affected the success 
of the classification because of the size and density of the object a pixel covered. 
Specifically, dense shrubs, forbs, and grasses performed well, while objects with mixed 
pixels with small grasses and forbs, litter, and some soil were less successful. 
Additionally, it’s likely that pixels of grass canopy were mixed with spectral reflectance 
from bare ground or litter, leading to the incorrect aggregation of those grass pixels to the 
ground class.  
Second, despite the fine spatial resolution imagery that we used to develop our 
training and test data, many of the forbs and grasses at our sites were too small to classify 
or count with confidence. This limitation is an example of the difficulty of capturing the 
plant community in dryland systems, where plants are structurally small or hidden near 
larger plants. In Portugal’s dry forests, researchers were able to separate trees from the 
understory of shrubs, forbs, and grasses using a digital surface model (De Luca et al., 
2019). It’s likely that the inclusion of structural information would improve the 
separation of PFTs. Forsmoo et al. (2018) were able to accurately estimate the height of a 
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small rye grass and clover, however this required a GSD of ~0.5cm and three flights over 
the same study site. Based on other studies in sagebrush sites, 3cm resolution imagery is 
not fine enough to capture structural information from small grasses and forbs (Gillan et 
al., 2014). Structural information may be useful if it can discriminate small grasses and 
forbs from terrain and litter surface background. Further investigation is needed to 
develop methods capable of identifying and mapping these small spatial scale plants.  
Third, when compared among the sites, the methods presented in this study were 
the most accurate for the Low Sage site. We found strong positive correlations between 
nearly all PFTs tested at this site. We partially attribute the success of the methods at 
Low Sage to the inherent physical properties of the plant community. The shrubs, 
grasses, and forbs at the middle site are all relatively short and dense (Table 1). In 
contrast to the other sites, the shrubs at Low Sage are so short that there are few forbs and 
grasses that grow beneath them – there is little to no understory. As a result, the 
segmentation and classification steps at the Low Sage site correctly identify PFTs 
because the plants grow at about the same height.   
Although we also found positive correlations between the field and remotely 
sensed estimations of PFT fractional cover at Mountain Big Sage, the relationships were 
not as strong as Low Sage. Forbs and grasses were quite difficult to identify from the 
1cm/pixel imagery. Grasses at Mountain Big Sage grow close and into the canopies of 
sage and snowberry. Additionally forbs were under estimated because they also grow 
near shrub canopies or were misclassified as grass or trees. We would expect that the 
inclusion of structural information would reduce the misclassification of forbs as trees.  
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Based on our findings for quantifying PFT fractional cover, we would recommend 
applying segmentation and classification to track the changes in fractional cover over a 
growing season and through multiple years. In our study, we used data from only one 
UAS flight at each site. Classification results would likely be different if we had UAS 
imagery from throughout the growing season, as multiple studies have shown 
improvements in classification accuracy (B. Chen, Huang, & Xu, 2017; Dudley, 
Dennison, Roth, Roberts, & Coates, 2015; Lu et al., 2017). Plants have different 
phenological cycles that result in different dates for ‘green-up’ and peak biomass, 
therefore the inclusion of imagery through time provides another layer of information to 
identify different vegetation classes. Additionally, it’s likely the inclusion of other data 
types, such as structure-from-motion point clouds or hyperspectral imagery, would 
improve our results (Husson et al., 2017; Räsänen & Virtanen, 2019). However, inclusion 
of hyperspectral data collection and processing for each site would have greatly increased 
the analysis workload (Palace et al., 2018).  
The maps of PFT for these sage sites can be related to questions about dryland 
ecosystem processes. When we consider the importance of woody shrubs as islands of 
fertility (Ochoa-Hueso et al., 2018), PFT maps could be used to monitor shrub cover over 
time and the herbaceous diversity in the surrounding area. These maps could also be 
paired with soil and microbial sampling regimes because PFTs have an impact on the 
microbial community (de Graaff et al., 2014), as well as soil texture (Prieto et al., 2011). 
Soil samples associated with known PFT locations would allow for the creation of an 
interpolated map of the microbial community. Finally, the relative litter inputs from 
different PFTs have an effect on the carbon cycle (de Graaff et al., 2014; Valencia et al., 
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2015), therefore PFT maps could be used to estimate the relative proportion of litter input 
over a much larger area than field sampling.  
Changes in average temperature and precipitation patterns are likely to affect the 
plant communities in the sagebrush steppe. An application of these methods over the 
course of multiple growing seasons would greatly expand the record of data available to 
track and analyze potential changes in the plant communities over time. Specifically, 
mapping PFT fractional cover over time will allow us to quantify the relative cover of 
PFTs through the growing season. 
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CONCLUSION 
Across the western United States, we’ve already lost one half of the native 
sagebrush steppe to a combination of land use/land change and climate change (K. W. 
Davies et al., 2011). There’s an urgent need to protect and sustainably manage dryland 
ecosystems – baseline surveys are needed to record trends and responses of vegetation. 
These data can inform dynamic vegetation models to predict gross primary production, a 
key metric to gauge if drylands will be carbon sources or sinks in the future. Remotely 
sensed data, commensurate with field surveys and measurements, helps us link fine scale 
measurements to vegetation dynamics at regional scales. To address the challenges of 
data collection in drylands, we tested the efficiency and accuracy of UAS surveys in three 
types of sagebrush and how they performed compared to field observations. We found 
that MSAVI could be used to estimate fractional photosynthetic cover at Wyoming Big 
Sage, Low Sage, and Mountain Big Sage sites. Additionally, we were able to map plant 
functional types at Low Sage and Mountain Big Sage. In both studies, correlations 
between UAS surveys and field observations were highest at Low Sage and Mountain 
Big Sage sites, and lowest at Wyoming Big Sage.  
In the first study, we focused on fractional photosynthetic cover (FPC). For all 
three sites, we found that Modified Soil Adjusted Vegetation Index was the most suitable 
vegetation index to model FPC. We compared the modeled surfaces to FPC from point 
frame field plots. The measurements showed significant positive correlations at the Low 
Sage and Mountain Big Sage sites. We also found that the remotely sensed estimates 
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were consistently higher than the field data. Overall, this study demonstrates how UAS 
imagery can be used to model FPC at fine spatial scale resolution, with coverage and 
sampling density that greatly exceeds field data. Wyoming Big Sage has large patches of 
soil interspace and small forbs and grasses – these characteristics resulted in poor 
relationships between UAS surveys and field observations. We recommend further 
investigation to accurately map fractional photosynthetic cover in sparsely vegetated 
sagebrush ecosystems.  
In our second study, our goals were centered on PFTs. We used OBIA to calculate 
shrub abundance and to estimate PFT fractional cover. The methods tested for PFT 
fractional cover were successful in terms of classification, at all sites. We found 
significant positive correlations for PFT fractional cover between UAS and field data at 
mid and high elevations. Further testing of OBIA methods in Wyoming Big Sage sites is 
needed to improve estimates of PFT cover and photosynthetic activity. This research is 
all the more important because low elevation sagebrush ecotypes are the most likely to be 
invaded by annual grasses (K. W. Davies et al., 2011) and the least likely to recover after 
wildfires (Wainwright et al., 2019). Lastly, linking the PFT maps with the surfaces of 
FPC will allow us to estimate the relative contributions of plant functional types of gross 
primary production fluxes over the course of the year.  
We recommend continued inclusion of UAS with field surveys because of the 
increased coverage and the number of different analyses that can be applied to the same 
imagery.  In conclusion, these results show that UAS image analysis can be successfully 
completed at the same scale as field data in drylands.
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Comparison of Point Frame Data for Fractional Photosynthetic Cover 
We compared three methods of calculating photosynthetic cover or fractional 
vegetation cover from the point frame field data. The first method was reported in 
Chapter Two. This method divided all of the “green” hits per plot by the total hits per plot 
to calculate FPC – referred to as “All Hits”. The second method included only the first 
hits from the point frame pin drops; each plot has 100 pin drops, so the total of first green 
hits was always divided by 100. This is referred to as “First Hits”. Lastly, we tested a 
different metric: fractional vegetation cover (FVC). We calculated FVC by dividing all 
vegetation hits (green or not) and dividing by the total number of hits. We reviewed the 
mean absolute error (MAE), correlation value (Rho), and root mean square difference 
(RMSD), for each method tested against the estimated values of FPC. Results differed for 
each site.  
At lowest site, we found that all comparisons between the point frame data and 
the estimated FPC did not co-vary and there was no relationship between the data types 
(Table A.1).   
For LOS, we found that using only the first hits from the point frame data had the 
highest rho value (0.86) and lowest MAE and RMSD values (0.06 and 0.08, 
respectively). The estimated FPC from the UAS imagery also had significant positive 
correlation with the first hit calculations and FVC (Table A.1).  
At the final site, MBS, we observed that the strongest correlation between 
estimated and field FPC occurred when using the all of the point frame data hits (rho = 
0.55). However, the lowest RMSD and MAE values were seen when we tested the 
correlation between estimated FPC and FVC (Table A.1). 
77 
 
 
 
Table A.1 Summary of field data correlations to estimated photosynthetic cover 
for each study site.  
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Canopy Height Model from Multispectral Point Cloud 
We used Cloud Compare and RStudio to create canopy height models (CHM) 
from multispectral point clouds. Outlined here are the steps used to create the product.  
Input: dense multispectral point cloud from Agisoft. Clouds were not filtered in 
Agisoft. Exported from Agisoft in projected coordinate system: NAD 83 UTM Z 11 N. 
Export as .txt file to retain spectral data. Must be exported with 14 points of precision to 
retain all Z information.  
Note: In cloud compare it's helpful to rename clouds as you go to keep track of 
progress.  
1. Save a copy of the point cloud file to local drive. 
2. Open in Cloud Compare. 
3. Manually remove unwanted objects, ie: solar panel, flux tower, cars, etc. 
4. Calculate NDVI for point cloud using scalar field calculator.  
5. Switch view to NDVI and split point cloud using NDVI values/visual 
inspection of height with min/max tool (Record numeric value of NDVI used 
to split). 
6. Grid the remaining ground cloud by .75m. Use min height values -- gridded 
cloud. 
7. Compute Normals on gridded ground cloud:  surface = triangulation; use 
preferred orientation = +Z. 
8. Use Poisson surface tool to generate a mesh. Check "output surface density". 
9. Trim mesh volume to surface using min/max split tool.  
10. Smooth mesh with Laplacian function Sampling = 20. Smoothing factor = 
0.200. 
11. Sample the smoothed mesh with points. Density > 2,000 points. --> cloud 
ground surface.   
12. Activate and select BOTH ground-surface cloud and the original, full NDVI 
point cloud. Trim the bounding box so that extent between both clouds is the 
same. For the next steps, use the trimmed clouds.   
13. Rasterize and export the trimmed, ground-surface cloud at min height and 
desired resolution. 
14. Rasterize and export the trimmed, NDVI cloud at max height and the SAME 
resolution as the ground surface.  
15. Open RStudio.  
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16. Load the trimmed ground surface raster and the trimmed digital surface model 
(DSM). Subtract the ground raster from the DSM. The output is a CHM.  
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Segmentation Parameters 
Table C.1 Segmentation Parameters used for each site on the RGB imagery 
within the ArcGIS Pro segmentation tool. 
 
 
 
 
 
 
 
Spectral Detail
Spatial Detail
Min Segment Size in Pixels
Spectral Detail
Spatial Detail
Min Segment Size in Pixels
Spectral Detail
Spatial Detail
Min Segment Size in Pixels
15
55
15.5
15
20
18.5
Wyoming Big Sage
Low Sage
Mountain Big Sage
15
55
17
